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INTRODUCTION
To perform their functions, proteins undergo conformational transitions among different states that are distributed in funnel-like free energy landscapes similar to the classical folding funnels 1, 2 . Allosteric effectors, such as co-factors, drugs, and other binding partners, modulate the conformational equilibrium by shifting the population of these conformers among different energy basins [3] [4] [5] . Understanding how the equilibrium between these states is altered upon ligand binding is of critical importance for elucidating allosteric signaling and regulation of proteins 6 . NMR spectroscopy is emerging as the technique of choice to map allosteric phenomena at the atomic level [7] [8] [9] , unveiling mechanisms underlying allostery 10, 11 . Heteronuclear correlation experiments 12 provide NMR amide "fingerprints" of proteins and protein complexes. . Similarly, if a protein exists in equilibrium between different states in a fast exchange regime and one were to promote the population of other states by mutations or posttranslational modifications, the trajectories of the chemical shifts follow linear trends [17] [18] [19] [20] [21] [22] [23] [24] . 33 . When combined with thermocalorimetric data, the density of populations obtained by this analysis defines a free energy landscape of the protein's ligated states. We tested this method for the conformational transitions of the C-subunit of the cAMP-dependent protein kinase A (PKA-C) upon nucleotide and pseudo-substrate binding, and constructed the free energy landscape along the enzymatic reaction coordinates.
PKA-C is a ubiquitous enzyme involved in many signaling pathways, playing a fundamental role in the pathophysiology of several different cellular events. PKA-C has a bilobal fold, with a small lobe (N-lobe), comprising mostly β-sheets that harbor the nucleotide binding pocket, and a large lobe (C-lobe), including mostly helical segments that host the substrate binding groove 34, 35 . During turnover, PKA-C is thought to interconvert between three major conformational states: 34, 35 .
While the apo form explores mainly an open conformation, with the two lobes disengaged and conformational dynamics uncommitted to catalysis, nucleotide binding shifts the enzyme conformational ensemble toward a dynamically committed state that is able to bind the substrate with enhanced affinity (positive cooperativity) [22] [23] [24] . Finally, substrate binding shifts the equilibrium toward a new basin, where the conformational dynamics are redistributed throughout the entire protein, priming it for phosphoryl transfer 22 . Binding of an inhibitor peptide (PKI ), however, traps the kinase in a fully closed state, quenching the conformational dynamics throughout the enzyme and restricting the opening and closing motions required for product release 22 . To map these equilibria, we utilized previously measured chemical shifts of the PKA-C fingerprints of the apo, ATP-γ-N (AMP-PNP)-bound, ATP-bound, and AMP-PNP/PKI-bound forms, and applied both CONCISE and the chemical shifts covariance analysis (CHESCA) 26 . We found that our method is able to distinguish between the multiple states and quantitate the density of each state, and, when combined with binding free energy data, define the free energy landscape of the kinase. While site-specific correlations among the residues are attainable through the CHESCA analysis 26 , CONCISE is able to estimate the collective response of the enzyme.
METHODS
Calculation of the Population Density
In order to validate our method, we generated synthetic [ Figure 1A . In the third case (random, Figure 1C ), the positions of the resonances were completely randomized, and in the fourth case (mixed random+ideal, Figure 1D ), we set half of the peaks following linear trajectories with added random noise (with nitrogen and proton SD of 0.10 and 0.02 ppm, respectively), while the other half of the peaks represented a random distribution of the states, as in Figure 1C . porting on conformational equilibrium, the average is performed on a reduced set of residues with the highest degree of linearity. We found that a SD PC1 /SD PC2 ratio ≥ 3 gives a reasonable threshold for linearity, while at the same time ensuring a sufficient number of residues for a statistically significant sampling. The experimental error was taken into account by discarding all of the residues with a PC1 range below 0.05 ppm, which is analogous to the range used in the projection analysis method 26 .
Covariance Analysis (CHESCA)
The CHESCA analysis of the chemical shift covariance was carried out in agreement with the protocol proposed by Melacini and co-workers the covariance matrix, we used instead the PC1 scores, which more directly report on the conformational equilibrium.. While our approach gives a concise view of the conformational transi-tions, CHESCA gives a residue-specific view of the correlations among the residues in different protein domains 26 . Therefore, we calculated the correlation coefficients between the PC1 scores of the different residues using the following relationship: where s indicates the normalized PC1 scores for residues i and j, and the brackets indicate the mean over all of the states. The correlation coefficients between residues are plotted in a matrix format to identify the residues with highly correlated chemical shift changes. Furthermore, we clustered the residues using a hierarchical clustering step as described by Selvaratnam et al. 26 . The largest cluster of correlated residues was identified using a correlation coefficient of 0.99 as threshold for the clustering trees.
Experimental HSQC titration data of PKA-C
The HSQC data used in our analysis were taken from the previous published work by Masterson et al.
22
, and all the samples were obtained under the same buffer, pH, and temperature conditions. A crucial element for the successful application of this method is the correct refer- 
RESULTS
CONCISE analysis of synthetic data
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The CONCISE calculations carried out on the synthetic data are shown in Figure 3A -B illustrates the results obtained for the mixed case, where the first half of the peaks (1-175) are ordered along the linear trajectory, while the second half (176-350) are randomly distributed. As expected, the random data introduce a broadening of the distributions, which can be eliminated using the filtering method described above (Figure 3C-D) . While the filtering improves the accuracy of the average position and reduces the broadening of the distribution reported in the fourth panel of Figure 3 , it produces no effect in the case of random chemical shift distribution reported in the third panel of Figure 3 . Figure 4 shows the calculated correlation matrices of PC1 scores for the synthetic data, with a threshold for displaying correlation coefficients higher than 0.9. For the ideal case, the changes in chemical shifts are all strongly correlated, since the residues follow perfect linear trajecto-ries. Upon addition of random noise (Figure 4B) , the values of the correlation coefficients throughout the protein sequence lower substantially. Nonetheless, it is still possible to observe that several residues throughout the proteins are highly correlated. For the random case (Figure 4C) , the degree of correlations among the different residues is much lower. However, some of the residues still show correlation coefficients greater than 0.9. The latter is due to a limited number of samples (4 states Figure 4D ) it is possible to see a higher density of correlations in the map for the first part of the protein, while weaker correlations are observed for the remaining residues. To identify the large correlation clusters, we applied a hierarchical clustering analysis to the data (see dendrograms in Figure S2 ). The largest clusters obtained from these calculations are shown in the correlation matrices of Figure 5 . To select the clusters, we used a threshold of 0.99. For the ideal case (Figure 5A) , there is only one cluster, which includes all of the protein's residues. Addition of noise reduces the size of the largest cluster (Figure 5B) , while in the random case (Figure 5C ), the correlations among the residues through the protein are sparse, with only a handful of residues contributing to the largest correlated cluster. In the mixed case (Figure 5D ), the method shows more dense correlations for the linear trajectories of the residues, while the fictitious correlations are rather sparse.
CHESCA analysis of synthetic data
Mapping Protein kinase A Intramolecular Allostery using CONCISE and CHESCA
We applied CONCISE to the conformational transitions of PKA-C as mapped by [ . The average PC scores obtained using the full set of residues (dashed lines in Figure   6B ) are within reliable thresholds, with the two extremes of the linear relationship separated by 2.22 standard units and with a spread of about one standard deviation. After filtering out the residues characterized by low linearity and small perturbations, the results obtained with the reduced set (solid lines in Figure 6B) improved significantly, i.e., the distance between the two extremes increases and the spread is reduced to less than one standard deviation. Overall, the positions of the four states (-1. 
where s is the position along the average PC score in standard deviation units, and µ and σ are the mean and standard deviation for each distribution. Nucleotide and substrate binding were mapped along the "Ligand" reaction coordinate (see Figure 7) , with the states uniformly distributed along this coordinate and widths fitted to reproduce the experimental transition states barriers. The transition from apo to ATPγN-bound was mapped using the dissociation constant . . We found that a large number of residues report on the open-to-close transitions of the enzyme. Interestingly, these correlations span the entire enzyme structure (Figure 8B) , indicating a collective response of the protein to the binding events. Several residues with large chemical shift changes (∆δ > 0.15 ppm, red spheres in Figure 8C ) do not follow linear paths and are mostly localized near the ligand binding sites. For these residues it is not possible to discern the
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perturbations associated with the opening and closing equilibrium from the electrostatic and structural changes induced locally by ligand binding. Within the largest correlated cluster, we observe that residues on both the small and large lobes respond to ligand binding in a correlated fashion (Figure 8B) , and among these only a couple of residues are in direct contact with the nucleotide. Within the cluster of correlated residues, we identified several that belong to loops that play key roles in catalysis. Notably, we observe a group of residues in the Mg For PKA-C, we found that the major cluster of residues reporting on the opening and closing of the enzyme is not localized in a specific area; rather it is distributed throughout the enzyme across the small and large lobes. Although it is possible that some of the missing links that would physically connect all correlated residues are unassigned or filtered out due to large nearest neighbor effects, from these data it is not possible to explain all the observed correlations in terms of spatial proximity. Perhaps, the best explanation for allosteric behavior in PKA-C is a combination of well-defined pathways 51, 52 together with non-structure-based allosteric phe- B) The largest correlated cluster is mapped onto the kinase structure as blue spheres. C) The residues that do not follow linear paths are shown as grey spheres, and in red are highlighted those characterized by large chemical shifts perturbations. Fig. 1 
